As the main mode of transportation for international trade, shipping has a large volume of transportation and low freight rate, but there are problems of large fuel consumption and large emissions. Therefore, it is necessary to take some mitigation measures to save energy and reduce emissions. Many mitigation measures have been proposed based on various factors affecting ship energy consumption. To assess the performance of these mitigation measures, the energy savings of these measures have to be evaluated. Due to the complexity of the ship energy system, these factors are of different importance and may be related each other. In this paper, several influencing factors have been chosen to assess the effects of different mitigation measures on ship energy consumption, including ship conditions (speed, draft, trim, cargo volume) and weather conditions (wind, wave). A chemical tanker is taken as the research object to analyze the ship energy system and an artificial neural network model is applied to predict and evaluate the energy consumption for different mitigation measures. Moreover, various adjustments are made to the neural network structure, and the accuracy of different structures is compared based on their prediction results. The optimal neural network structure is further identified for ship energy consumption's prediction and evaluation.
Introduction
With the continuous growth of the global economy, the development of international maritime trade is getting better and better. According to historical trends, UNCTAD (United Nations Conference on Trade and Development) forecasted that global seaborne trade will grow by 3.8% between 2018 and 2023 [1] . However, huge fleet transportation also makes shipping a major contributor to the global greenhouse effect. In April 2018, Marine Environment Protection Committee (MEPC) adopted a preliminary greenhouse gas strategy to reduce carbon emissions from international shipping [2] . It strived to reduce half of the ship's greenhouse gas emissions. International Maritime Organization (IMO) had proposed some indicators for regulating greenhouse gas emissions from ships, such as the Energy Efficiency Design Index (EEDI) [3] . The energy conservation and emission reduction measures for ships are divided into two aspects, one is the national policy on the design of the ship's hull, and the other is the energy conservation and emission reduction measures imposed on the ship [4] . Today, new ships need to comply with EEDI design specifications. For those old ships, some mitigation measures have been mainly taken to save energy and reduce emission [5] .
As early as 2011, IMO listed about 50 mitigation measures, analyzed detailly 29 items of measures and grouped them. One is to use the technology to upgrade marine equipment. The other is the implementation of operational emission reduction measures. It is aimed mainly at some factors that affect the ship energy consumption, instead of physical improvement of the ship [6] . Predicting and estimating the impact of certain factors on the ship energy consumption is a topic that has been studied for many years [7] . There are two common ways to estimate the energy consumption and corresponding emissions of these mitigation measures: top-down and bottom-up approaches. The top-down method uses the collected fuel consumption statistics to estimate the calculated emissions [8] , such as the IMO ship fuel consumption database [9] . The bottom-up method is estimating emissions based on various influencing factors of the ship energy consumption which can be obtained from Automatic Identification System (AIS) and marine environment database. AIS is a digital system that is open to the public through the information service platform by the maritime department. It can track and collect static and dynamic Copyright © by ICEEE navigation data for ships per hour [10] . It contains data such as callsign, size, speed, location, trim, etc. The marine environmental database provides dynamic environmental data such as wind, wave, etc. [11] . In this paper, the bottom-up method is used to build a model to evaluate the ship energy consumption. It can analyze the real-time ship fuel consumption and facilitate the ship to make energy-saving and emission-reduction measures according to the actual situation. At present, many studies have established different models for these influencing factors to evaluate ship energy efficiency. Models that have been studied recently such as: dynamic programming [11] , particle swarm optimization [12] , multiple linear regression models, artificial neural network(ANN) [13] , Gaussian process [14] , LASSO (Least Absolute Shrinkage and Selection Operator) [15] . What they have in common is that they begin to consider the dynamic impact of environmental factors on the navigation of ships. The first three models are based on traditional algorithms, their prediction accuracy is not as good as the latter models. LASSO is very sensitive to the noise of the sample. Gaussian processes and ANN models are recently common prediction models for ship energy evaluation with similar performance [16] . However, the structure of the neural network is variable and directly affects its prediction performance. It may have room for improvement. We can use the neural network model to estimate the ship energy consumption ulteriorly.
In the aspect of ship energy forecasting, a variety of ANN models have been developed and proven to be effective. Such as wavelet neural network [17] , Back-Propagation neural network (BPNN) [13, 18, 19] . In their article, there are few marine environmental factors to be considered. But today's marine environmental database can provide more detailed marine data [11] . We can further select more factors to estimate the ship energy consumption. We will also consider the impact of the neural network structure on the prediction performance and compare the accuracy of different structures to determine the optimal neural network structure.
The case object studied in this paper is a chemical tanker. The energy system of the tanker is complex, including chemical energy, electrical energy, thermal energy and mechanical energy [20] . In order to study its energy consumption, it is necessary to analyze the entire energy system. The rest of this article is organized as follows: Section 2 introduces the energy system of tanker. Section 3 introduces the neural network model. Case study of Section 4 evaluates the ship energy consumption. Section5 is the conclusion.
Ship energy system
During the voyage, mechanical energy is required for the ship's operation, thermal energy and electrical energy are required for the ship's daily needs. Fuel consumption is the source of energy production, but it cannot directly produce these three kinds of energy. There is an energy conversion between them, which can only be achieved by various mechanical components. Therefore, it can be regarded as having an energy system to complete the normal operation of the entire ship. We take a chemical tanker as the research object and draw a schematic diagram of the energy system in Figure 1 . We have sorted out the shipboard equipment for the generation, conversion and use of ship energy. We can see that the ship energy system is complex and involves many devices. The three fuel-related facilities are the main engines, the auxiliary engines and the boiler, which interact with other shipboard facilities to provide various energy for the entire ship. The normal driving of the ship depends mainly on the power provided by main engines. It transmits power to the propeller through gearbox. The power generated by auxiliary engines drives the generator set, the generated electricity is used throughout the ship. The boiler is mainly responsible for providing thermal energy [20] . The complexity of ship energy lies in the mutual transformation and balance of the three sources of energy. For example, the engines can generate heat in addition to generating power during operation. This is the main source of heat for ships. The generated heat may also be lost to the air. There is a certain correlation between factors when predicting and evaluating the ship energy consumption based on different influencing factors, precisely because of the complexity and relevance of the ship energy system. Therefore, choosing more effective factors can help us evaluate mitigation measures more comprehensively.
Methodology
Back propagation neural network(BPNN) is a multilayer feedforward neural network trained according to error back propagation algorithm [21] , and a simple three-layer topology can adapt to almost any nonlinear relationships [22] . We use BPNN to evaluate the ship energy consumption. Various influencing factors of ships are taken as input parameters. Ship energy consumption is taken as output parameter.
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Back Propagation neural network
BPNN consists of an input layer, some hidden layers and an output layer, every layer has some neurons. The input parameters are weighted and summed as the input of first hidden layer. The formula for calculating weighted summation value is as follows:
represents the inputs. indicates the bias of the neuron of the layer. denotes the weights connecting the neuron in the − 1 layer and the neuron in the layer. Each neuron in the hidden layers acts as a node with an activation function to ensure that BPNN can approximate the nonlinear relationships. The comes to the hidden layer and is activated by the activation function (⋅), whose formula is as follows:
When the data is passed to the output layer, a loss function calculates the error between the output and actual data. If the error value is not within the expected range, BPNN performs back propagation using gradient descent method and readjusts the weights and biases from the output layer to the input layer until the error value is minimum or reaches the set time. According to the literature and the characteristics of the data, we set up a four-layer neural network model which has two hidden layers. The activation function selects sigmoid [18] . The loss function selects mean square error (MSE) and root mean square error (RMSE).
Case study
In this article, we selected a chemical tanker as the research object. The length and width of the ship are 181 and 31.3 meters respectively. The maximum capacity is 51,000 m 3 . The maximum draft is 12.4 meters. The ship has two main engines and two auxiliary engines. The influencing factors for mitigation measure we selected are as input, fuel consumption is as output. They are listed in Table 1 . Cargo volume The data comes from AIS data, noon report and weather report from January 2017 to March 2018. We divided these data into training set and validation set.
Before assessing the impact of input factors on energy consumption, the performance of BPNN with different number of hidden layers and nodes is evaluated. The results indicate that the two hidden layers are enough to guarantee the predictive performance. In order to save computation time, we define the number of first hidden layer nodes as half of the input nodes [18] . The performance of different number of nodes for second hidden layer is further compared. The results show that the BPNN with 4 nodes for first hidden layer and 3 nodes for second hidden layer has the smallest MSE, which is 0.1638. The best neural network structure is further validated using the validation data. The observed fuel consumption and the predicted fuel consumption for both training data and validation data are shown in Figure 2 . The figures show that the predicted values are close to the observed values in most cases. The goodnessof-fit test is further conducted for validation. The RMSE for training and validation data are 0.3927 and 0.4738 respectively, which are accepted for accuracy. The validated model is further used to evaluate the potential of different mitigation measures. The results show that the four mitigation measures can effectively save the ship fuel consumption. As a decisive factor affecting the ship energy consumption, the speed reduction has the largest abatement potential, which is 18.67%. The draft and trim also plays an important role in the ship energy consumption. The abatement potential for ship state with optimized draft and trim is 1.83%. The abatement potentials for weather routing and efficiency of scale are 2.48% and 3.24% separately. Therefore, weather routing and efficiency of scale measures also have a certain impact on ship energy consumption.
Conclusion
Various mitigation measures are used to save ship energy and reduce emissions. It is necessary to evaluate the energy consumption of different mitigation measures. Many interrelated factors have the impact on the ship energy consumption. In order to evaluate the impact of these factors on ship energy consumption, a BPNN model is established in this paper. The best neural network structure is used to predict the nonlinear relationship between the 8 influencing factors we selected and ship energy consumption, and to evaluate the potential of the four mitigation measures. The results indicate that all these factors can affect the ship energy consumption and the four mitigation measures can effectively save the ship fuel consumption. An accurate evaluation of different mitigation measures with BPNN can help us to take more effective ship energy conservation measures. Moreover, we can future use this model to evaluate other ship types. And there are more mitigation measures that can improve the ship energy efficiency. More and more influencing factors can be used as input parameters to evaluate ship energy consumption. The output parameter takes into account not only the energy consumption but also cost as output. In addition, the neural network model in this paper only considers the number of hidden layer nodes. We can also optimize other parameters. Then we can design a comprehensive neural network and compare it with other methods.
